Background: Commonly employed clustering methods for analysis of gene expression data do not directly incorporate phenotypic data about the samples. Furthermore, clustering of samples with known phenotypes is typically performed in an informal fashion. The inability of clustering algorithms to incorporate biological data in the grouping process can limit proper interpretation of the data and its underlying biology.
Background
Clustering of biological samples based on microarray gene expression data is now standard practice in clinical, biological, toxicological and pharmacological studies [1] [2] [3] [4] . However, there are limitations to various clustering algorithms. For instance, the classic k-means clustering algorithm [5, 6] uses Euclidean distance to measure dissimilarity and to cluster objects while the k-modes algorithm [7] only supports categorical or qualitative data through a simple matching objective function as a measure of dissimilarity. The inability of clustering algorithms to incorporate biological data in the grouping process can limit thorough interpretation of the data and its underlying biology.
Several approaches to incorporate biological data associated with samples into the analysis of gene expression data have been proposed recently. Shannon et al. [8] utilized Mantel statistics to correlate gene expression measurements with clinical covariates. The correlations are based on separate distance matrices computed using gene expression data and clinical covariates. Pearson correlation is used to assess main effects, whereas partial correlation coefficients are used to assess correlation between gene expression and a subset of the sample covariates conditioned on other sample covariates. Another approach introduced by Sese et al. [9] describes an itemset constrained clustering method where the optimal cluster that maximizes the interclass variance of gene expression with pathological features between groups is computed. Informative gene expression clusters annotated with disease descriptions of the liver were revealed. Kasturi and Acharya [10] proposed a model-free clustering method called information fusion, which uses SOMs Kohonen learning to update the weights for clusters and to essentially correlate microarray gene expression patterns with repeated motifs in the upstream region of genes. A potential limitation to this approach is that the grid of the nodes for the SOM has to be defined beforehand and the results of the clustering are dependent on the geometry of the grid. The development of additional methods to simultaneously cluster samples based on microarray gene expression data with associated biological information is reasonably expected to improve the grouping of samples and to enhance the discovery of biological processes that are correlated with phenotypic end-points.
Recent work has shown that better inference of genomic indicators for an outcome is obtained by integrating gene expression data with clinical or phenotypic data. For instance, Gevaert et al. [11] demonstrated that partial integration of clinical measurements with gene expression data through separate Bayesian networks that are joined by a single phenotype variable, improved the prediction of the prognosis of breast cancer. Others have used princi-pal component analysis with an analysis of variance or partial least squares to associate gene expression data with clinical measurements for improved classification or prediction of an outcome [12, 13] . In addition, a novel clustering approach that incorporates epigenetic (genes monitored for hypermethylation according to a binary [0,1] status) and phenotypic data (clinical measurements encoded as ordinal categorical variables), was shown to group tumor samples sufficiently well enough for discovery of informative pathways that adhere to strict heritability in breast cancer [14] . The approach, called heritable clustering, was suggested to be a framework to integrate other biological data. However, the extension of the algorithm for the analysis of high dimensional gene expression data integrated with clinical data as continuous measurements and phenotypic data as categorical values simultaneously has not been investigated.
Since the k-means and k-modes algorithms are efficient for processing large numeric and categorical data sets respectively, the combination of objective functions for measuring dissimilarity has been applied in the k-prototypes algorithm as a practical approach to extend the kmeans-like algorithm for clustering large data sets with categorical values [7] . To test the utility of the k-prototypes algorithm for clustering samples based on numeric microarray gene expression data and clinical chemistry evaluations with histopathological observations as categorical values, we introduce a modk-prototypes algorithm. The approach follows the k-means paradigm with randomization of initialization of the algorithm and is evaluated initially using two data sets. A simulated data set and a heart disease mixed type data set for proof-of-principle. The strategy involves constructing an objective function from the sum of the squared Euclidean distances for numeric data with simple matching for categorical values in order to measure dissimilarity of the samples. Separate weighting terms are used to control the influence of each data domain on the clustering of the samples. The dynamic validity index for numeric data was modified with a category utility measure in order to determine the optimal number of clusters in the mixed type data. A cluster's prototype is formed from the mean of the values for numeric features and the mode of the categorical values of all the samples in the group. The cluster's prototype is taken as a representation of the feature values that depicts the phenotype of the samples in the group.
Further rigorous investigation of the modk-prototypes clustering method is then pursued by applying it to gene expression data and associated phenotypic evaluations from acetaminophen-exposed rat liver samples. Acetaminophen, which is an analgesic, causes centrilobular necrosis in the rat liver at high dose exposures. Using a chisquare test and GO annotations of selected genes which significantly distinguish differences between prototypes of clusters of the acetaminophen data set across all three data domains, phenotypic prototypes were obtained which were descriptive of, and anchored to, necrosis of the centrilobular region of the rat liver. This is an endpoint manifested from high dose exposures of acetaminophen in the rat liver.
Results

Clustering mixed data types
The data sets used for clustering and the components of the modk-prototypes algorithm are shown in Figure 1a .
The α, β and γ weighting terms influence how much each data domain contributes to the clustering of the samples. An objective function with the sum of the squared Euclidean distances for numeric data and simple matching for categorical values is used to measure the dissimilarity of the samples. Samples are grouped using k-means clustering based on numeric attributes and k-modes clustering for attributes with categorical values. The DVI and CU measures comprise the DVI_CU score that measures the validity of the clustering. The modk-prototypes algorithm is shown in Figure 1b and is a modification of the original k-prototypes algorithm [15] . For k = 2 to N number of samples and for B iterations, assignment of each sample is made to one of the k clusters based on the minimal distance of the sample to the prototypes of the clusters. The prototypes are updated and the samples are reassigned repeatedly until there is no more change in cluster assignment. The DVI_CU score is computed for the final assignment of the samples. The number of clusters in the data is estimated by finding the assignment of the samples, over all B initializations and all k partitions, which yielded the optimal validity score.
Initial validation of the modk-prototypes algorithm was performed by evaluating the clustering of the samples in the simulated and the Cleveland Clinic heart disease mixed data sets. Clustering of the simulated data was performed with adaptive weighting of the numeric and categorical data. After 50 trial clustering attempts over 2 to k possible clusters in the data, the modk-prototypes algorithm partitioned the data into 3 clusters with the samples in their respective class group (i.e., samples #s 12-22, 33-43 and 44-54 together respectively). Figure S3 in Additional file 1 illustrates the minimization of the DVI_CU index at k = 3.
Clustering of the Cleveland Clinic heart disease data was performed with equal domain weighting. A plot of the DVI_CU validity measure at all values of k shows a minimum at k = 2, implying that the estimated number of clusters is two (Figure 2a ). Additional file 2 shows the assignment of the samples to either of the two clusters along with the categorical value for the chest pain type attribute. Cluster 1 has 169 patient samples grouped together with pain type of angina suggestive of having heart disease (sick) while Cluster 2 has 134 patient samples grouped similarly together with non-angina representative of being without heart disease (buff). The accuracy of the clustering of the patients into the two groups was 79%. This is on par with, or better than, the classification accuracy of the samples by the NTGrowth, C4 and CLASSIT, and conceptual clustering classification algorithms which were reported to the University of California at Irvine repository for machine learning as 77%, 74.8% and 78.9% respectively. This analysis indicates that the modk-prototypes algorithm can effectively cluster mixed data types leading to relatively accurate assignment of the samples to clusters with the appropriate clinical label.
Similarly, application of the modk-prototypes algorithm with equal domain weighting to the acetaminophen mixed data indicates a minimum value for the DVI _CU validity measure at k = 3 (Figure 2b ), implying that there are three clusters in the data. Ten samples were grouped into Cluster 1, nine into Cluster 2 and 45 into Cluster 3 (Additional file 3). The samples in Cluster 3 are comprised mostly of low dosed (50, 150 mg/kg) samples and high dosed (1500 and 2000 mg/kg) samples at 6 hrs except for 5 animals (rats #s 405, 406, 423, 518 and 520) that had low ALT and AST enzyme levels (Additional file 4). Elevated levels of ALT and AST correlate with liver injury. Cluster 2 contains all samples exposed to a high dose of acetaminophen for 18 or 24 hrs. Cluster 1 has samples exposed to high dose of acetaminophen for 48 hrs, except for moderate responder rats #s 407, 416 and 420, that were dosed for 18 or 24 hrs and had moderately elevated ALT and AST enzyme levels.
Validation of clustering the acetaminophen mixed data
We next assessed the ability of the algorithm to cluster the samples according to the level of liver necrosis. At toxic doses of acetaminophen, glutathione is depleted leading to the formation of a reactive intermediate that covalently binds to sulfhydryl groups of several cellular proteins [16] . These adducts are thought to contribute to tissue necrosis [17] . The indicator variable representing the histopathological observations made by board-certified pathologists on the centrilobular region of the liver was removed from the data set prior to running the modk-prototypes algorithm. This variable was then used as an external indicator to validate the assignment of samples to the three clusters. This observation has four feature values for all the exposed samples denoting either no, minimal, mild, or moderate severity of necrosis of the centrilobular region of the liver. Using the modk-prototypes algorithm with k set at 3 and equal weighting of the microarray, clinical chemistry and histopathology domain data, 90% of Modified k-prototypes clustering of mixed data types. a) The data sets used for clustering and the components of the modkprototypes algorithm. The type of the data is denoted in parentheses. b) The k-prototypes algorithm was modified (termed modk-prototypes) to include B iterations of the assignment of the samples to the k number of clusters for each k = 2 to N number of samples. d(X i , Q l ) is the dissimilarity function between the i th sample and the l th cluster prototype. The cluster prototypes are updated and the samples are reassigned repeatedly until there is no more change in cluster assignment. The validity score is computed for the final assignment of the samples. The number of clusters in the data is estimated by finding the assignment of the samples (over all B initializations and all k partitions) that yielded the optimal validity score.
Determination of k clusters in the heart disease and acetaminophen data sets using modk-prototypes
Figure 2
Determination of k clusters in the heart disease and acetaminophen data sets using modk-prototypes. The a) heart disease data and b) acetaminophen data were clustered using the modk-prototypes algorithm at values of k increasing from 2 to the N number of samples in the data. DVI_CU (on the y axis) was computed and plotted for the clustering of the data at each value of k (on the x axis). Only k = 2 to 10 is shown.
the cluster assignments of the acetaminophen-treated samples had an adjusted Rand Index R' value greater than 0.64 when compared to the groups of the samples according to the observed level of necrosis ( Figure 3 ). Since there were three clusters generated in the mixed data, yet four classes of acetaminophen-exposed centrilobular necrosis of the liver, perfect agreement was not possible, but the achieved clustering approached maximal validity given the external classification (Figures 2b and 3 ).
Weighting schemes for clustering the acetaminophen mixed data
Proposed weighting of the domain data Differential weighting of the domains may lead to further improved accuracy of the clustering procedure, as proposed by Lance and Williams [18] who introduced a clustering algorithm dependent on the weight of dissimilarity between objects [5] . User defined weights for clustering permit more or less influence to be given to particular components of the dissimilarity function. Several investigators at the NIEHS/National Center for Toxicogenomics responded to a survey in which they were asked to propose weights for clustering the acetaminophen microarray, clinical chemistry and histopathology data sets by assigning values for the modk-prototypes algorithm parameters α, β and γ respectively. Their suggestions are listed in Table 1 .
Two respondents, numbers 7 and 8, suggested different weighting schemes according to whether the end goal of the clustering of the samples was to either identify biomarkers related to histopathological changes following exposure to a toxicant, or to ascertain biological processes and pathways related to the phenotype of the samples. One respondent suggested two weighting schemes, one which is purported for data containing microarray, clinical chemistry and histopathology measurements (suggestion 5a) and one for molecular validation of toxicological evaluations of the samples (suggestion 5b). Two other respondents, numbers 14 and 15, suggested that the domain data be weighted according to preferred outcomes in the analysis of the data. The former proposed (i) equal weighting or (ii) coupling biology with phenotype whereas the latter proposed clustering based on (i) general effects of the treatment, (ii) specific injury and end-points from the exposure or (iii) the affected pathways. The averages of the suggested weights were 0.51, 0.24 and 0.25 for α, β and γ respectively. The standard deviations of the suggested weights were low (<0.16). However, the standard deviations of the β and γ weights were less than that of the α weight. Validation of the cluster assignments for the acetaminophen data 
Adjusted Rand Index
Count of Cluster Assignments
Simultaneous clustering using domain weights Table 2 lists the determination of k and validation results of the simultaneous clustering of the acetaminophen microarray, clinical chemistry and histopathology data sets using the modk-prototypes algorithm with specified weights. Equal weights of the domain data in the clustering process resulted in k = 3 and R' of 0.64 when the four centrilobular necrosis of the liver histopathology observation levels were used as an external indicator of clustering validity. Adaptive (α, β and γ adjusted to 0.26, 0.39 and 0.35 respectively) or proposed weighting of all three domain data yielded clustering results with k = 3, but R' = 0.64 or 0.67.
The highest agreement among all weighting schemes tested was achieved when the clinical chemistry data was given all of the weight. However, utilizing only the microarray data in the clustering process resulted in partitioning of the samples into just two groups with R' = 0.51. Excluding the microarray data from the analysis by weighting the clinical chemistry and the histopathology data equally yielded three clusters and R' = 0.64. Placing all the weight on the histopathology data or splitting the weighting equally between the microarray and histopathology data resulted in the poorest agreements (R' = 0.33 and 0.46 respectively) of the cluster assignments. Interestingly, having the weighting shared between at least the microarray and clinical chemistry domain data appears to be advantageous for clustering the data irrespective of the balancing of the weights. Surprisingly, no weighting scheme that included the histopathology data resulted in cluster groups with k > 4. However, partitions with k = 6 and k = 5 were obtained respectively, when clinical chemistry data alone and microarray with clinical chemistry data were used for clustering the samples. The latter resulted in R' = 0.66. With the weight of the microarray data set > 0.5 and some weight given to the histopathology data, weighting schemes for clustering of the biological samples validated with R' = 0.67 and k = 3 (the estimated number of clusters in the data [ Figure 2b ]).
Phenotypic Prototypes
End-point components of the prototypes The groups of samples from the modk-prototypes algorithm were analyzed next for phenotypic prototypes by extracting histopathological feature value labels, clinical chemistry measurements, and genes from the prototypes of the clusters that (1) distinguish between pathologic outcomes and (2) best represent the underlying biology of the data. This analysis was performed on the acetaminophen microarray, clinical chemistry and histopathology data (including the centrilobular necrosis variable) with k = 3 and the α, β and γ weights set at 0.51, 0.24 and 0.25, respectively (see Tables 1 and 2 for the averages of the suggested weights). Table 3 lists partial prototypes of the resulting Clusters 1, 2, and 3 that represent samples grouped with moderate, no and mild levels, respectively, of necrosis of the centrilobular region. Samples in Clusters 1 and 3 were qualified by moderate and mild necrosis. By contrast, the majority of the samples in Cluster 2 were either low dosed (50 or 150 mg/kg) at any of the durations of exposure, or high dosed (1500 and 2000 mg/kg) for short durations (6 and 18 hrs). Except for 3 alteredresponder rats (#s 423, 520 and 522) that were dosed for 24 or 48 hrs (Table 4 ). These exposures were expected to give at least a mild hepatotoxic phenotype. However, the ALT and AST levels for these animals were far below the treatment group average for these enzymes (see Addi- In Cluster 3, most of the samples (6 of 9) were exposed for a time frame in which partial recovery from the treatment is expected (namely 48 hrs), whereas Cluster 1 only contains samples dosed for either 18 or 24 hrs. The samples in Clusters 1 and 3 also showed markedly and moderately elevated ALT and AST enzyme levels, as well as moderate and minimal congestion of the sinusoid region, respectively. Furthermore, the samples from the rats in Cluster 3 were represented by a histopathologic prototype characterized by minimal inflammatory cell infiltration in the centrilobular region, regeneration and degradation of the hepatocytes. The latter observed in the left medial lobe region. Samples from rats #s 407, 416 and 420 were dosed with 1500 mg/kg acetaminophen for either 18 or 24 hrs durations, but had only modest elevations of ALT and AST. Finally, from the prototype, samples in Cluster 1 were observed to have minimal hypertrophy of the hepatocytes predominantly. The rest of the histopathology feature values for the three clusters were not informative (all had no observed end-point) and therefore not included as representative features in the phenotypic prototypes.
Of the clinical chemistry measurements listed in Table 3 for each cluster prototype, ALT and AST levels clearly distinguish Cluster 1 samples labelled with the prototype feature as moderate necrosis of the centrilobular region of the liver from the two other clusters. In addition, elevated levels of TBA and decreased blood cholesterol differentiate samples in Cluster 1 from samples in Clusters 2 and 3 reasonably well.
Gene expression component of the prototypes
Differences in gene expression levels between each cluster are shown in Figure 4a . The Cluster 2 prototype labelled with no necrosis of the centrilobular region had the least amount of differential gene expression of the samples in the cluster. Samples in Clusters 1 and 3 with moderate and mild necrosis of the centrilobular region as representative indicators respectively, had numerous genes with over 2-fold differential expression. The most dramatic gene expression differences were observed in the comparison of no versus moderate (Cluster 2 vs Cluster 1) necrosis of the centrilobular region of the liver, while the moderate versus mild comparison showed only slight differences in magnitude of expression between gene expression prototypes.
To extract genes from the pairwise comparisons of the expression component of the prototypes for the clusters that could statistically distinguish between levels of necrosis of the centrilobular region of the liver, a chi-square goodness-of-fit test was employed using the observed difference in a gene's expression ratios between two prototypes and the expected gene expression differences of all pairwise comparisons for all genes in the prototypes. With α set at 0.05, 82 genes, including several Cytochrome P450 genes and heme oxygenase 1, were identified as significant and unique in distinguishing contrasts between different levels of necrosis of the centrilobular region of the liver (Additional file 5). A subset of the genes is shown in Table 5 . In particular, the GO biological processes cell growth and/or maintenance, amine metabolism and stress response discerned between clusters of samples grouped according to no and moderate necrosis of the centrilobular region of the rat liver. Mild and moderate Gene expression components of the phenotypic prototypes Figure 4 Gene expression components of the phenotypic prototypes. Plotting of the gene expression component of the prototypes from the clusters generated from clustering the acetaminophen data using the modk-prototypes algorithm (with the levels of the necrosis of the centrilobular region of the rat liver included, 100 iterations and the average of the suggested weights of the domain data). a) All genes detected as significantly differentially expressed b) 82 genes significant and unique in distinguishing contrasts between the levels of necrosis of the centrilobular region of the rat liver. The red, blue and green lines denote the gene expression prototype from Clusters 1, 2 and 3 respectively. The log 10 ratio values of the genes from the prototypes are signified on the y axis and the indices for the genes are denoted on the x axis. centrilobular necrosis appeared to involve amine metabolism.
A clearer picture of the differences between the samples in the clusters labelled with either no, mild or moderate necrosis of the centrilobular region of the rat liver was obtained by comparisons of Clusters 1, 2 and 3 using just the expression values of the 82 genes extracted from the prototypes (Figure 4b ). About 75% of the genes progressively increase or decrease in differential expression as the level of necrosis of the centrilobular region of the liver transitions from no to mild to moderate. Finally, hierarchical clustering of the biological samples reveals very good grouping of the low dosed and high dosed samples. The latter very prominent and tight within time groups ( Figure 5 ). Interestingly, as shown in Figure 6 , the nine no-or moderately-responding rats (#s 405, 406, 407, 416, 420, 423, 518, 520 and 522) were distinctly different from their counterpart dose-by-time group subjects in terms of ALT enzyme levels. The high dosed 6 hrs rats differed from the high dosed 18, 24 and 48 hrs rats by a small cluster of genes that include an activator (Mitogen activated protein kinase kinase kinase 12 [Map3k12]) of the c-Jun N-terminal kinase (JNK) pathway, a transactivator of thyroidstimulating hormone beta, and a regulator of neuronal differentiation and development.
Discussion
Clustering of microarray gene expression data has matured by virtue of the growing number of analytical approaches for partitioning data. k-means is one of the most widely used unsupervised clustering methods for gene expression data. Unfortunately, k-means clustering, and other approaches such as SOMs do not guarantee globally optimal partitioning, require specifying the number of clusters or the configuration of the underlying classification structure, and suffer from inflexibility with respect to incorporation of associated biological data. More importantly, most clustering algorithms support only quantitative or qualitative data but not both simultaneously. Huang [15] introduced the k-prototypes algorithm that utilizes the clustering objective function of k-means for numeric measurements and k-modes for categorical values to partition data. We have proposed modifying this algorithm by adding an objective function to support and weight multi-domain, mixed type biological data within the k-means clustering paradigm. The advantage of our modk-prototypes algorithm is that simultaneous clustering of gene expression data with clinical chemistry evaluations and histopathology observations results in informative clusters that are formed with prototypes of genes and values from end-point variables that are anchored to the phenotypes of samples with similar biological outcomes.
Our method is one of a class of approaches that seek to incorporate biological data directly into the clustering process [9, 14] . Using necrosis of the centrilobular region of the rat liver following acetaminophen exposure as an end-point to couple with gene expression profiles, clinical chemistry evaluations and histopathological observations, simultaneous clustering of the data with the modkprototypes algorithm revealed phenotypic prototypes which were capable of distinguishing between no, mild and moderate levels of necrosis of the liver (Tables 3 to 5; Figure 4 ). For instance, non-or moderately-responding rats to acetaminophen exposure were distinctly different from their counterpart dose-by-time group subjects. Furthermore, the high dosed 6 hrs rats vs the high dosed 18, 24 and 48 hrs rats differed by a small cluster of genes involved in signal transduction and growth regulation. Not surprisingly, Cytochrome P450 genes and heme oxygenase 1, which have functions in detoxification and redox regulation in response to oxidative stress, were found to be indicators of toxicity in the gene expression component of the phenotypic prototypes that differentiated between levels of necrosis of the centrilobular region of the rat liver (Table 5 ). Several published reports of gene expression data generated from treatment of biological samples with toxic agents describe the altered expression of genes such as these in well-known biological pathways that are perturbed subsequent to incipient toxicity [19] [20] [21] [22] [23] [24] .
Weighting of the terms in the modk-prototypes algorithm offers the flexibility to balance the influence of each domain of the data while simultaneously clustering the mixed data (see equation 1). This is advantageous for semi-supervised clustering when different goals for analyzing the data are in mind. The interest might be to cluster biological samples based on gene expression data with clinical chemistry measurements and histopathology observations for the purpose of finding biomarkers related to histopathological changes, or identifying which biological processes and pathways are related to the phenotypic end-point. From empirical analysis of acetaminophen-treated rat liver sample data using adaptive weighting or different weighting schemes, giving some weight to histopathology observations and at least half of the weight to the microarray data set is advantageous to clustering the data (Table 2) . Interestingly, although applying all the weight to the clinical chemistry data gave the best fit between cluster assignment and histopathology evaluation of centrilobular necrosis, the number of clusters in the data was overestimated. This indicates that improper weighting of the domain data can potentially bias the clustering of the samples. Further work is being done to weight the domain data heuristically.
Hierarchical clustering of the biological samples Figure 5 Hierarchical clustering of the biological samples. Log 10 transformed gene expression ratio values of the 82 genes from the prototypes of the clusters of the biological samples were subjected to agglomerative hierarchical clustering using cosine correlation as the similarity measure and average linkage methodology. The branches of the dendrograms represent the amount of similarity between clusters of samples.
The high dimensionality of data has challenged the efficiency and reliability of clustering algorithms for quite sometime. In high dimensional space, data points become sparse making the use of some distance measures meaningless. However, results from experiments on realworld high dimensional data have shown that distance measures based on the Minkowski L d metrics, where d is either 1 or 2, increases or remains constant as the dimensionality of the data increases [25] . Our modk-prototypes algorithm is based on the Euclidean (L 2 ) distance metric for the high dimensional microarray data and clinical chemistry data. Given the aforementioned theoretical work plus our own simulation of a smaller scaled data set and reduction of the high dimensional numeric data (see Additional file 1), we are convinced that the clustering of the samples using the modk-prototypes algorithm is not dependent on the scale or dimensionality of the data. The simulation results also provide evidence that the algorithm is at least able to find a small number of true/known clusters when they exist. Furthermore, the phenotypically anchored genes that were acquired from the prototypes of the clusters from the acetaminophen-exposed samples suggest that the modk-prototypes algorithm forms groups of samples that are biologically meaningful. Additional Two-way hierarchical clustering of the biological samples and the extracted genes applications of the method to a variety of simulated and real data sets are underway. These should also help in determining its usefulness over a range of scales and data dimensions.
As more biological data becomes available, sophisticated methods for clustering integrated data will be necessary in order to glean more meaningful information about the underlying biology of the samples. Efforts such as integrative genomics, systems biology, toxicogenomics, pharmacogenomics and biomedical informatics are generating volumes of biological data and information spanning transcriptomics, proteomics, metabolomics, toxicology, pharmacology, clinical biology and genetics to leverage each domain data for a more informed assessment of biological outcomes [12, [26] [27] [28] [29] [30] . Case in point, the work of Baskin et al. [31] to collectively analyze microarray, clinical data and pathology observations revealed that gene expression patterns were very much consistent with the clinical outcomes, gross pathology and histopathology from influenza virus-infected pigtailed macaques primates. However, the identified clusters may not contain genes that are directly associated with the appearance of clinical signs or pathological indications of tissue infection because the domains of data were analyzed independently.
The modk-prototypes algorithm is well-suited as a clustering method for grouping biological samples constrained by integrated data and feature values. It yields representatives of the clusters (the prototypes) which can potentially provide an initial insight to the biological mechanism driving the similarities of the samples and the phenotypes associated with gene expression. This concept of phenotypic anchoring has been proposed and tested as a means to link the cause of a disease or response with gene expression patterns and the altered biological processes that follow the observed effect [32] [33] [34] . We propose that the modk-prototypes clustering method will provide a feasible computational alternative to embark on bridging multi-domain data analysis frameworks for integrative genomics, systems biology, pharmacology and toxicology.
Conclusion
Many existing methods for clustering gene expression data do not incorporate phenotypic data about the samples. We developed the modk-prototypes algorithm using an objective function with the sum of the squared Euclidean distances and simple matching for clustering biological samples based on numeric data and categorical values respectively. It is a formal approach to cluster gene expression data with phenotypic data. The algorithm is based on the original k-prototypes algorithm but is adapted along the k-means paradigm, it contains weighting terms for microarray, clinical and histopathology data, and is designed to determine the number of clusters in the data by minimizing a DVI_CU measure over all possible numbers of clusters and randomization of the initialization of the algorithm.
The advantage of simultaneous clustering of gene expression data with clinical chemistry evaluations and histopathology observations is that informative clusters are formed with prototypes of genes and end-point features that are linked to the phenotypes of samples with similar biological outcomes. Following modk-prototypes clustering of the acetaminophen data with weighting of the domain data, informative genes from the cluster prototypes were identified that are descriptive of, and phenotypically anchored to, levels of necrosis of the centrilobular region of the rat liver. From empirical analysis of acetaminophen-treated rat liver sample data using adaptive weighting or different weighting schemes, having some weight given to the histopathology observations and weight of the microarray data set > 0.5, are advantageous to clustering the samples. Clustering the mixed data types in this fashion was better than typical k-means style clustering of either microarray or clinical chemistry numeric data alone (i.e. the other data sets weights set at 0) and better than k-modes clustering of the samples based solely on the histopathology data. We found that the expression profiles of several Cytochrome P450 genes and heme oxygenase 1 were significant in their differentiation between levels of centrilobular necrosis of the rat liver. Cytochrome P450 genes are in high proportion in the liver and produce detoxification enzymes to metabolize toxicants. Furthermore, the high dosed 6 hrs rats vs the high dosed 18, 24 and 48 hrs rats differed by a small cluster of genes containing an activator of the c-Jun N-terminal kinase pathway, a transactivator of thyroid-stimulating hormone beta and a regulator of neuronal differentiation and development. But overall, cell growth and/or maintenance, amine metabolism and stress response were biological processes that discerned between no and moderate levels of acetaminophen-induced necrosis of the centrilobular region of the rat liver. The use of well-known and traditional measurements directly in the clustering process provides some guarantee that the resulting clusters will be meaningfully interpretable. However, we realize that improper weights for the domain data can bias the clustering of the samples. In future work, we will investigate weighting the domain data heuristically. 
Methods
Heart disease mixed data
Acetaminophen microarray gene expression data and analysis
Microarray gene expression data was derived from left liver lobe mRNA samples collected from 4 male Fischer F344/N rats per dose group exposed to either 50 mg/kg, 150 mg/kg (low doses), 1500 mg/kg or 2000 mg/kg (high doses) body weight acetaminophen during a light period (between 12 noon and 1 pm) as well as liver mRNA collected from control (vehicle-treated) male rats [35] . Animals were sacrificed and mRNA extracted from liver specimens 6, 18, 24, or 48 hrs after treatment. Each RNA sample from a treated animal was compared with a pool of time-matched control mRNAs and analyzed in duplicate (dye reversal experiments) on Agilent-011868 (G4130A) rat oligonucleotide microarrays (Agilent Technologies, Palo Alto, CA). Acetaminophen exposure to the rat liver at 50 and 150 mg/kg is subtoxic. However, 1500 and 2000 mg/kg doses induce severe toxicity which peaks 24 hrs after exposure but the rats show signs of recovery 48 hrs after exposure.
Scanning of the microarray chips and acquisition of data from scanned images were as previously described [22] . Briefly, background subtracted pixel intensity values were log transformed, normalized and assessed for significance of expression (p-value < 0.05, Bonferroni corrected) using an ANOVA model comparing treated samples with timematched controls. The approximately 3100 significant genes' pixel intensity ratio values from dye reversal hybridizations were combined (same subjects only) using Rosetta Resolver version 5.1.0.1.23 (Rosetta Biosoftware, Seattle, WA) error model weighted averaging [36, 37] . Two gene features (A_43_P22641 and A_43_P22629), which had all values missing, were removed from analysis. The data used for clustering is in Additional file 6.
Acetaminophen histopathology observations and clinical chemistry evaluations
48 histopathological observations of the acetaminophentreated rat liver specimen slides and 10 clinical chemistry measurements on biosamples from the treated animals were collected as previously described [35] . Observations include: inflammatory cell infiltration of the centrilobular region or region not otherwise specified, necrosis of the centrilobular region or of hepatocytes, hyperplasia of the centrilobular hepatocytes, glycogen depletion, degeneration or regeneration of the hepatocytes or the centrilobular region, congestion or glycogen depletion of the centrilobular region or sinusoid and hyperplasia of the bile duct. Microscopic qualifiers were categorized as no, minimal, mild, moderate or marked. Discrepancies in histopathology observations were resolved by a team of board-certified pathologists [38] . [39] . Missing values were imputed for rats #s 308 and 309 with either the group average or the overall mean value for each evaluation.
Simulation of data for clustering using the modkprototypes algorithm
Numeric data A data set comprised of numeric data with 64 features and 33 objects was simulated from three distinct probability distributions. Normal deviates (mean 0 and standard deviation 20) were drawn at random from the 3 probability distributions generating 11 objects in each. Samples that belong to the same class are #s12-22, 33-43, and 44-54 respectively.
Categorical data
A data set comprised of categorical data with 10 features and 33 objects was simulated from an HMM using R code in the HMM discrete non-parametric package. The HMM contained 3 states modelled on levels of toxicity (no/low, moderate and severe) and 5 severity levels (none, minimal, mild, moderate and marked) of centrilobular necrosis observed in rat livers exposed to acetaminophen. An independent cDNA microarray gene expression data set [22] acquired from rat liver samples exposed to 50, 150, 1500 and 2000 mg/kg of acetaminophen for 6, 24 and 48 hrs was used to estimate transition probabilities from a set of ~700 differentially expressed genes as well as a set of 700 genes selected at random. A third set of transition probabilities were manually created with a high probability (p >= 0.6) of visiting or remaining in the no/low toxicity state. An illustration of the HMM, a curve of the loglikelihood from the training, the transition and emission probabilities are in the supplemental materials (Additional file 1).
A mixed data set (Additional file 7) was created from the merge of the numeric and the categorical simulated data sets.
Modified k (modk)-prototypes algorithm
The Huang [15] k-prototypes algorithm which combines the k-means and the k-modes objective functions for clustering numeric data and categorical values respectively, was modified to follow the k-means algorithm paradigm, and was also optimized to search for clusters formed closest to the global minima of the objective function. In addition, a separate numeric objective function was utilized for the microarray and the clinical chemistry data resulting in the following modk-prototypes objective function:
where X i is the i th sample, for i = 1 to N number of samples, Q l is the l th prototype, for l = 1 to k number of clusters, m r is the number of microarray numeric attributes, m s is the number of clinical chemistry numeric attributes, m c is the number of histopathological categorical attributes, where For B (typically set to 100) times, the modk-prototypes algorithm initialization is seeded by the domain data vector of a randomly selected sample for each of the k clusters. For adaptive clustering, recursion was used to update the prototypes in order to find the configuration of the initial k-prototypes which ultimately results in the reduction of the objective function closest to the global minimum. Matlab code and a stand-alone executable program for the modk-prototypes algorithm to simultaneously cluster gene expression data with clinical chemistry and pathological evaluations are available [48] . 
Determination of cluster number (k) and validation of cluster assignment
To determine the number of clusters in a data set, the DVI of Shen et al. [40] was used. The DVI is based on an intra/ inter ratio validity index that also includes scaling of the intra-and the inter-cluster distances.
where k is the number of clusters, N is the number of samples and intra is the average Euclidean distance between samples and the prototype Q of the cluster each sample is assigned to.
For mixed data with numeric and categorical values, the DVI was modified to include a CU measure [41] that defines the probability of matching a categorical feature value given a cluster versus the probability of the categorical feature value given the entire data set where P(A i = V ij ) is the unconditional probability of feature A i taking on the value V ij , P(A i = V ij | C k ) is the conditional probability of A i = V ij given cluster C k , and k is the cluster number from 1 to m. The DVI modified with CU DVI_CU = (DVI + 1/CU) (8)
is minimized over all k sets for each run of the modk-prototypes clustering algorithm. Validation of cluster assignment was carried out using R', the adjusted Rand index [42] [43] [44] . When two partitions agree totally, R' is 1 and when the partitions are selected by chance, R' is 0.
Generation of phenotypic prototypes
A cluster's prototype is formed from the mean of the values for numeric features and the mode of the categorical values of all the samples in the group. Hence, the cluster's prototype is taken as a representation of the feature values that depicts the phenotype of the samples in the group. The process for obtaining phenotypic prototypes is to extract all the histopathologic feature value labels and clinical chemistry measurements as well as significant genes from the prototypes of the clusters that can distinguish between pathological outcomes and best represent the underlying biology of the group of samples. Let the observed difference between the expression ratio of the gth gene (p in total) from the gene expression component of prototype q for ith and jth (i not equal to j) cluster (k in total) be observed g = (q gi -q gj ) and the expected change in expression be Averaging over all the genes gives an estimate of the expected difference between a gene's ratio values in the prototypes of two clusters being compared. Assuming independence and an approximately normal distribution of differences, genes which have expression ratios which significantly distinguish between prototypes of clusters are evaluated using a standard chi-square (X 2 ) goodnessof-fit test [45] :
where the null hypothesis is that the expression value of the g th gene does not distinguish between prototypes of a pair of clusters that are compared. The null hypothesis is rejected at a level of α, the probability of a type I error, if ≥ χ 2 (1, α) where χ 2 (1, α) is the α-level critical value of a χ 2 -distribution with 1 degree of freedom. An α of 0.05
gives reliable results. Genes from a comparison of two prototypes which significantly distinguish the clusters are annotated for biological function and process(es) using the GO database [46, 47] .
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